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Abstract—Ensuring ultra-reliable and low latency communi-
cations (URLLC) is necessary for enabling delay critical appli-
cations in 5G HetNets. We propose a joint user to BS association
and resource optimization method that is attractive for URLLC
in HetNets with Cellular Base Stations (CBSs) and Small Cell
Base Stations (SBSs), while also reducing energy and bandwidth
consumption. In our scheme, CBSs share portions of the available
spectrum with SBSs, and they in exchange, provide data service
to the users in their coverage area. We first show that the
CBSs optimal resource allocation (ORA) problem is NP-hard and
computationally intractable for large number of users. Then, to
reduce its time complexity, we propose a relaxed heuristic method
(RHM) which breaks down the original ORA problem into a
heuristic user association (HUA) algorithm and a convex resource
allocation (CRA) optimization problem. Simulation results show
that the proposed heuristic method decreases the time complexity
of finding the optimal solution for CBS’s significantly, thereby
benefiting URLLC. It also helps the CBSs to save energy by
offloading users to SBSs. In our simulations, the spectrum access
delay for cellular users is reduced by 93% and the energy
consumption is reduced by 33%, while maintaining the full
service rate.
Index Terms—User association, spectrum allocation, power
allocation, cellular base stations, URLLC, HetNets.
I. INTRODUCTION
R
EDUCING transmit power and bandwidth consumption
of base stations are crucial to enhance the energy and
spectral efficiency of cellular networks, specially in high
load situations where the user demands exceed available
network resources [1]. In HetNets, it is well known that
cellular base stations (CBSs) can save both spectrum and
energy by offloading users to overlaid Small cell Base
Stations (SBSs). To motivate SBSs to serve cellular users, the
CBS grants some portion of its licensed spectrum to SBSs
who serve the offloaded users, and the amount of granted
bandwidth must be larger than that required to serve the
offloaded users. After offloading, each CBS has to optimize
its bandwidth and power allocation to those users who are
retained and need to be served directly. Besides reducing
the overall transmit energy and bandwidth consumption from
the CBS point of view, specifically for URLLC we need
to reduce the spectrum access delay for the users to enable
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delay sensitive applications. To do so, we need to find new
resource allocation mechanisms for BSs that have a low
time complexity besides being energy and bandwidth efficient.
In this work we consider a HetNet model with one CBS and
multiple SBSs, and show that the CBS’s Optimal Resource
Allocation (ORA) problem, which includes the joint user
association and bandwidth/power allocation problems, is a
non-convex NP-hard problem. It is actually a combinatorial
problem which is composed of three sub problems. The first
sub-problem is the users-to-BSs association problem which
assigns users to the CBS or SBSs and can be seen as a
classification problem. The second and third sub-problems are
power and bandwidth allocation problems, respectively. Then,
to make the original ORA problem solvable in a reasonable
time for a HetNet with a large number of users, we propose
a new Relaxed Heuristic Method (RHM) which includes a
heuristic user association algorithm, and a convex optimization
problem for power/bandwidth allocation. After solving the
user association problem using the proposed heuristic, and re-
moving user association optimization variables from the origi-
nal ORA problem, it reduces to a convex optimization problem
that minimizes the CBS’s power consumption, while serving
users with the minimum bandwidth possible. To further reduce
the time complexity of RHM and reduce the spectrum access
delay, we use the Alternating Direction Method of Multipliers
(ADMM) to solve the resource allocation optimization prob-
lem formulated in RHM. Simulation results show that our
proposed heuristic method can significantly reduce the time
complexity of finding the optimal solution for user association
and resource allocation optimization problems in ORA.
The rest of this paper is organized as follows. Section II
provides the literature review, and section III introduces the
system and network model. The ORA problem is formulated
in section IV, and the heuristic method is described in section
V. Simulation results are presented in section VI, and we
conclude in section VII.
II. LITERATURE REVIEW
In wireless HetNets, user association, power allocation and
spectrum allocation are tightly coupled as has been shown in
the vast amount of literature [2]–[12]. Most of these works
are focusing on optimizing one of the BS resources while
doing the user association. For example, in [2] a joint user
association and green energy allocation scheme is proposed
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for HetNets with hybrid energy sources to minimize the
on-grid energy consumption. A general framework for joint
BS association and power control for wireless HetNets is
presented in [3], in which a price-based non-cooperative game
theory approach is taken to design a dynamic spectrum sharing
algorithm for two-tier macro-femto networks. A distributed
backhaul-aware user association and resource allocation
method is proposed in [4] for energy-constrained HetNets,
where the authors used the Lagrange dual decomposition
method to solve the user association problem, and showed
that for the optimal resource allocation a BS either assigns
equal normalized resources or provides an equal long-term
service rate to its served users. The authors in [5] investigated
the optimal user association and resource allocation problem
for a network scenario with one macro cell and several
non-interfering overlaid pico cells, and proposed an algorithm
for achieving a max-min fair throughput allocation across all
users. A self-organizing approach to joint user association
and resource blanking between network-tiers in highly dense
HetNets is developed in [6] where resource blanking is
used to partition time slots into two orthogonal groups and
dedicate them to macrocells and small cells exclusively using
a novel message-passing algorithm. In [7] a combinatorial
optimization problem is formulated for joint optimization of
user to base station association, and time-frequency resource
block and power allocation. Then, the authors provided an
approximate solution for it using a polynomial complexity
two phase approach based on semidefinite relaxation with
randomization. In [8] the authors investigated the impacts of
multi-slope path loss models, where different link distances
are characterized by different path loss exponents, and then
proposed a framework for joint user association, power and
subcarrier allocation on the downlink of a HetNet. A novel
framework for the joint optimization of user association
and interference management in massive MIMO HetNets is
presented in [9], in which resource allocation problem is cast
as a network utility maximization (NUM) problem, and then a
dual subgradient based algorithm is proposed which converges
toward the NUM solution. In [10] a distributed game model
is presented for joint user association and resource allocation
in HetNets. In [11] a Q-learning based approach is proposed
for adaptive resource optimization in multi-agent networks to
satisfy users QoS demands and provide fairness among them.
In [12] the authors proposed a resource allocation scheme for
the HetNets with one macro BS and several mmWave small
cell BSs to maximize the sum rate of the network while
ensuring the minimum rate requirement for each user.
However, most of these works propose combinatorial
optimization problems with NP-hard complexities which
cannot be solved in a reasonable time for URLLC applications,
as BSs acceptable delay for resource allocation in 5G networks
is bounded to a few milliseconds in 3gpp recommendations.
To address this issue, new resource allocation techniques
[13]–[17] in 5G networks ensure the feasibility of URLLC
by jointly considering the delay and reliability constraints
while optimizing the resource allocation for BSs. For
example, the authors in [13] proposed an optimal resource
allocation strategy for uplink transmissions to maximize
the delay-sensitive area spectral efficiency as a performance
metric while guaranteeing the QoS constraint on reliability.
In [14] the authors proposed a method for maximizing energy
efficiency for URLLC under strict QoS constraints on both
end-to-end delay and overall packet loss. Sutton et al. [15]
investigated the potentials of using unlicensed spectrum for
enabling ultra reliable and low latency communications, and
suggested some promising use cases for that. Ji et al. [16]
discussed the physical layer challenges and requirements
for URLLC and presented several enabling technologies
for such communications in 5G NR downlink. Kasgari
et al. [17] presented a network slicing based resource
allocation framework to provide reliable and low latency
communications to users with such demands.
While the works in [13]–[17] discuss URLLC, they do
not consider the joint user-to-BS association and resource
optimization in this context. In this work, we first prove that
the joint user association and resource allocation optimization
in HetNets is a NP-hard problem which is intractable for large
number of users. Then, we decompose the original optimiza-
tion problem into a low complexity heuristic algorithm for
user association and resource allocation. To further improve
the time complexity of our heuristic method so as to make
it attractive for URLLC, we use the Alternating Direction
Method of Multipliers (ADMM) to solve the resource allo-
cation optimization problem defined in our heuristic method.
III. SYSTEM MODEL
A. Network Model
We consider a HetNet model with one cellular base station
at the center of the network who is responsible to ensure
all cellular users will receive their required data service. We
also have some overlaid small cell base stations which cover
some of cellular users who located under their coverage range.
Figure below show our network model, in which CBS uses
high power transmissions (denoted with yellow links) to serve
users who cannot be offloaded, while SBSs use low power
transmissions (denoted with gray links) to serve cellular users
under their coverage.
B. Auction Model
In our model, we assume at the beginning of the offloading
procedure, each SBS k calculates its bandwidth requirements
to serve each covered cellular user i, denoted as Φk,i which is a
summation of two terms: Φ
p
k,i
which is the required bandwidth
to serve cellular user i, and Φs
k,i
to serve its own users. The
second term is the amount of reward that SBSs ask in exchange
for serving cellular users under their coverage. So, the total
amount of bandwidth asked by SBSs to serve any user i is
given by
Φk,i = Φ
p
k,i
+Φ
s
k,i . (1)
Assuming the k-th SBS’s transmit power-spectral density
is ps, and the channel fading between the k-th SBS and the
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Fig. 1. Network Model.
i-th cellular user is denoted by hs
k,i
, the required bandwidth by
SBS k to serve cellular user i, Φ
p
k,i
can be derived by solving
the equation
rmini = Φ
p
k,i
log(1 + (ps |hs
k,i |
2)/N0), (2)
where, rmin
i
is the minimum data rate of cellular user i that
should be guaranteed by its serving base station. We also
assume the overall cost of the cellular base station is given
by
C =
∑
i∈U
µicppi + cwwi, (3)
in which, µi is the user association variable where, µi = 0 if
user i is offloaded to SBSs, and µi = 1 if user i is not offloaded;
pi is the transmission power spectral density of CBS while
serving cellular user i; wi is the amount of bandwidth used by
CBS to serve cellular user i; and U is the set of cellular users.
IV. CBS OPTIMAL RESOURCE ALLOCATION (ORA)
After defining the cost function of cellular base station, we
formulate and optimization problem to minimize CBS’s cost,
while guaranteeing the minimum data rate for cellular users.
The ORA problem formulation is given by:
min
(µi,wi,pi )
∑
i∈U
(µicppi + cwwi), (4)
subject to :∑
i∈U
(µiwi + βk,iφk,i) = W, (5)
wilog(1 + pi |h
p
i
|2/N0) ≥ µir
min
i , ∀i ∈ U, (6)
0 ≤ pi ≤ p
max, ∀i ∈ U, (7)
0 ≤ wi ≤ w
max, ∀i ∈ U, (8)
µi + βk,i = 1 ∀i ∈ U. (9)
The constraint in Eq. 26 ensures that the overall bandwidth
used by cellular base station to serve users locally or to offload
them to SBSs will not exceed the total available bandwidth,
denoted as W . The constraint in Eq. 6 guarantees that the data
rate offered to cellular users will be higher than the minimum
data rate required by them. Note that in the right hand side of
this constraint rmin
i
is multiplied by the binary user association
variable, µi , which means that if user i is not been offloaded
(µi = 1), then cellular base station has to guarantee r
min
i
data
rate, otherwise if user i is offloaded (µi = 0), the right hand
side becomes zero, meaning that cellular base station does
not require to guarantee any data rate to this user, i.e. pi =
0, wi = 0. The constraints in Eq. 7 and Eq. 8 ensure that
the allocated power and bandwidth to each user i fall within
the the feasibility regions for power and bandwidth variables,
respectively. And the last constraint in Eq. 27 ensures that
each user i can be served by either cellular or a small cell
base station, and not both of them. Note that βk,i is a binary
association variable with βk,i = 1 is user i is offloaded to SBS
k, and βk,i = 0, otherwise, where k is the index of the best
serving SBS for each user i
A. Complexity and Scalability issues of ORA
In the initial ORA problem formulation presented in previ-
ous section, since it jointly optimizes all the user association,
power and bandwidth allocation variables, it is a combinatorial
problem with high time complexity [18]. In Theorem 1 we
prove that the ORA problem is NP-hard. Hence, its not
scalable for large scale networks with large number of users as
it cannot be solved in polynomial time; and also considering
the dynamics of channel states in wireless networks which are
varying by time, we need to find a low complexity solution to
ORA problem to solve it within an acceptable time.
Theorem 1. The ORA problem is an NP-hard problem.
Proof: We show that a simplified version of the ORA
problem is reducible to the knapsack problem which is a well
known NP-hard problem [19]; hence, ORA is also NP-hard.
For the datails of the proof, see Appendix A.
To address the scalability issue of the ORA we can replace
it with a distributed user association and resource allocation
method and use the techniques of game theory to solve it. For
example, in [20] we modeled the user association problem in
HetNets in a form of a Stackelberg game between cellular and
WiFi service providers as the leaders, and users as the follow-
ers of the game, and we found the Nash equilibria solutions to
that problem under different conditions. The other solution to
the scalability issue of ORA, which we propose in this work
is to change the initial ORA formulation by breaking it down
into two smaller size problems with low complexities. In this
work we replace the initial ORA problem with a heuristic user
association problem and a convex power/bandwidth allocation
problem.
V. RELAXED HEURISTIC METHOD (RHM)
As mentioned in previous section, we replace the NP-hard
ORA problem with a two phase low complexity solution, in
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which we first solve the user association problem using a
heuristic user association (HUA) algorithm, and then we op-
timize the CBS’s power/bandwidth allocation using a Convex
Resource Allocation (CRA) algorithm.
A. Heuristic User Association (HUA)
Since the user association variables in ORA optimization
(µi,∀i ∈ U) are binary variable and optimization problems
with binary optimization variables are often NP-hard, in this
section we propose a heuristic low complexity solution to user
association problem which can be solved in polynomial time.
From the Shannon formula for the capacity of wireless links
we have
ri = wi log(1 + pi |hi |
2/N0). (10)
If we rewrite this formula in terms of transmit power we
have
pi = N0(2
ri/wi − 1)/|hi |
2, (11)
and taking a derivative of transmit power, pi , with respect to
data rate, ri , we have
∂pi
∂ri
=
N02
ri/wi ln2
wi |hi |2
> 0. (12)
As we can see ,
∂pi
∂ri
, is always positive, meaning that CBS’s
required transmission power has a direct relation with the users
offered data rate, and to minimize power consumption, base
stations should minimize their offered data rate. So, it proves
that the data rate constraints in ORA formulation given in
Eq. 6 will be always satisfied with equality, i.e. to minimize
the power consumption, the cellular base station will always
offer the minimum acceptable data rate to cellular users, ri =
rmin
i
. Knowing that, we can replace the data rate variable ri
with the minimum data rate rmin
i
. In this case, the minimum
required BW for cellular base station to serve any cellular user
i, denoted as wmin
i
can be derived by solving
rmini = w
min
i log(1 + p
max |h
p
i
|2/N0), (13)
where, pmax is the maximum power spectral density of CBS,
and h
p
i
is the channel gain between CBS and cellular user i.
After deriving the minim bandwidth required for serving all
users, CBS considers wmin
i
, and pmax as a rough estimations
of the amount of bandwidth and power required to serve each
user i, and uses this parameters to estimate the cost of serving
for each user. Then, CBS compares the cost of serving with
the cost of offloading for each user to make a decision about
serving it directly or offloading it to SBSs. Assuming cw as
the unit cost of bandwidth and cp as the unit cost of power for
cellular base station, the serving cost of user i can be estimated
by cww
min
i
+ cpp
max
i
. Also, the cost of offloading for user i is
given by cwφk∗,i , in which k
∗ is the index of the best serving
WiFi SP who asked for minimum amount of bandwidth to
serve user i. After calculating the cost of offloading and the
estimated cost of serving for each user, our heuristic algorithm
will solve user association by simply comparing the offloading
and serving costs for each user.
Algorithm 1 Heuristic User Association (HUA)
for users i from 1 .. N do
k∗ ← argmink φk,i ⊲ find the best serving WiFi BS
if ( cwφk∗,i ≥ (cww
min
i
+ cpp
max
i
)) then
Serve user i locally: µi = 1, βk∗,i = 0
else if ( cwφk∗,i < (cww
min
i
+ cpp
max
i
)) then
Offload user i to WiFi BS k∗: µi = 0, βk∗,i = 1
return µi, βk∗,i ∀i
The proposed heuristic user association algorithm is given
as follows:
By running this heuristic, cellular base station determines
which users should be offloaded and which users should
be served directly, to minimize its cost. After running this
heuristic algorithm, the µi and βk∗,i are known parameters
to CBS and we do not need to define them as variables in
the optimization problem for resource allocation. It simplifies
the initial ORA problem greatly by removing the binary
optimization variables from it and replacing them with given
parameters.
B. Convex Resource Allocation (CRA)
Knowing the values of user association variables, we can
simplify the original ORA problem by reformulating it in a
form of a convex optimization problem. To do that, we first
use the convex cost function
C = cTp p + γc
T
ww, (14)
to calculate the CBS’s cost, which is a linear and convex
function in both p, and w variables. The first term of this
cost function denotes the CBS’s power consumption cost
which is the multiplication of unit cost vector by the actual
power allocation vector of CBS, p. Also, the second term in
Eq. 14 denotes the CBS’s bandwidth cost regularized by a
regularization parameter γ, 0 < γ ≤ 1, which models the
trade-off between power and bandwidth costs. The vectors cp
and cw are the unit cost vectors for power and bandwidth
consumption, respectively. We rewrite the data rate constraint,
given in Eq. 6 of the original ORA problem, in a form of a
power allocation constraint as
pi ≥ (e
wiµir
min
i − 1)N0/|h
p
i
|2,∀i ∈ U. (15)
Since all the parameters in the right hand side of Eq. 15
are given parameters except the wi , which is the bandwidth
allocation variable, we use a change of variable
σi = (e
wiµir
min
i − 1)N0/|h
p
i
|2 (16)
where σi is just a function of wi , and if we know its value,
then wi can be uniquely derived from it. Now, we can rewrite
the data rate constraint as a power allocation constraint as pi ≥
σi, ∀i ∈ U. Now that we replace all the constraints in initial
ORA problem with linear constraints, the Convex Resource
Allocation (CRA) problem can be formulated as:
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min
w,p
cTp p + γc
T
ww, (17)
subject to :
µTw ≤ W, (18)
µTσ ≤ p ≤ pmax, ∀i ∈ U, (19)
0 ≤ wi ≤ w
max,∀i ∈ U, (20)
where, w is the bandwidth allocation vector, p is the power
allocation vector, and σ is the vector of minimum transmission
powers required by CBS to serve each user. In the left hand
side vector of Eq. 19, µiσi is equal to 0 if user i is offloaded,
and is equal to σi , otherwise. Note that from Eq. 16, for every
given vector of w, σ becomes a known parameter; hence, this
CRA optimization problem turns into a linear problem (LP)
in p. Similarly, for every given vector of p, the CRA problem
will become an LP in w. We can use this fact to solve the CRA
problem using iterative numerical methods like Alternating
Direction Method of Multipliers (ADMM). Defining cost
functions f (p) = cTp p, and f (w) = γc
T
ww, the objective of the
CRA problem is to minimize f (p) + f (w) = cTp p + γc
T
ww as
the objective function. The optimal solution to such problem
will be
(p∗,w∗) = in f { f (p) + f (w)|rmini = wilog(1 + (pi |hi |
2)/N0)}.
(21)
To use ADMM to achieve this solution, we need to write the
dual version of the CRA problem. Since we want to minimize
the distance between offered data rate wilog(1 + pi |hi |
2/N0)
and the required data rate rmin
i
, in the Lagrangian function,
Lp, we add a new variable y which is equal to the difference
between the offered and the required data rates, and is used to
model the cost of deviating from target data rate. So, to use
ADMM we use the Lagrangian function below for each user
i and for each given values of the variables pi and wi , which
are the amounts of power and bandwidth allocated to user i
L(pi,wi, yi) = f (pi)+ f (wi)+ yi(r
min
i −wi log(1+ pi |hi |
2/N0).
(22)
Hence, the Lagrangian function considering all the users
will be given as
L(p,w, y) = f (p)+ f (w)+ y(rmin −wlog(1+ p|h|2/N0), (23)
in which, p and w are power and bandwidth allocation vectors
for all users in our network, and rmin is a vector with the same
dimensions which includes the minimum data rates for all
users. We denote the values of power and bandwidth allocation
variables at each step k as pk and wk , respectively. To
minimize the Lagrangian function using an iterative updates,
we start from two initial values for power and bandwidth
variables. Then, at each step k we use the values of these
parameters pk and wk to find the best value for the variable y
to be used in the next step, yk+1, by minimizing the lagrangian
function with respect to y. Then, using the value of wk, yk+1
we find the value of pk+1, and using the values of pk+1, yk+1
in the Lagrangian function we find the best value of wk+1.
This update procedure is given in:
Fig. 2. Simulated Network Scenario.


y
k+1
= Argminy L(p
k,wk, y),
pk+1 = Argminp L(p,w
k, yk+1),
w
k+1
= Argminw L(p
k+1,w, yk+1).
(24)
We continue this iterative updates until the convergence,
which is defined as the state in which the offered data rates
are very close to the required data rates, and p and w have
their lowest possible value. Note that since we removed the
binary user association variables, now the Lagrangian function
is continuous and differentiable with respect to all the variables
p, w, and y. And we can simply take a derivative from the
lagrangian function in each iteration to find its optimal value
w.r.t any variable while the other two variables are given
parameters.
VI. SIMULATION RESULTS
To evaluate the efficiency of our proposed heuristic method,
we consider a HetNet scenario in which there is one CBS
located in the center of a cell with the radius of 1000 ft, and
there are 8 overlaid SBSs with shorter coverage ranges of 300
ft within that cell who can serve the cellular users under their
coverage. We also assume that there are 300 cellular users
who are randomly distributed within the cell. The simulated
HetNet is shown in the Fig. 2. For our first experiment, we
assume that the minimum acceptable data rate for users, bmin,
is equal to 128 kbps.
We solved the joint user association and resource allocation
problem for the CBS using both ORA and RHM methods, by
implementing these methods in Matlab. For better comparison,
and to show the effects of users offloading on reducing the
CBS’s cost, we also implemented the Direct Serving Method
(DSM) in which CBS serves all the cellular users directly
without offloading any of them to SBSs. In DSM method CBS
optimizes its bandwidth and power allocations to minimize its
serving cost using the cost function defined in Eq. 14. We
compare the performance parameters of these three methods
in Table VI.
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Algorithm DSM ORA RHM
Runing Time (sec) 53.2131 54.0355 3.6809
Avg Cost Per User 102.6990 68.6247 68.6456
Serving Rate 100% 100% 100%
Total Ofloaded Users 0 226 226
As we can see from this table, in both ORA and RHM
methods 226 users (i.e. 75.33 % of the total 300 users) have
been offloaded to the overlaid SBSs. Offloading of these users
reduces the CBS’s average energy and bandwidth cost per user
from 102.6990 unit cost (UC) in DSM method to 68.62 UC
and 68.64 UC in ORA and RHM methods, respectively which
leads to the reduction of CBS’s total energy and bandwidth
cost by nearly 33% as compared to DSM. Also, as we can see
in Table VI, although the offloading rate and the average cost
per user in both ORA and RHM methods are the same, but
the RHM’s running time is a fraction of the running time for
ORA method. In fact, using the proposed heuristic method,
we can reduce the resource allocation time for the CBS from
54.03 sec in ORA (which is an NP-hard method) to only 3.68
sec in RHM, which leads to the 93% reduction in spectrum
access delay for cellular users. For our simulations we used a
laptop with an Intel core i5 2.3 GHz processor, and using a
faster processor can further reduce the spectrum access delay
to a few milliseconds.
Fig. 3 compares the CBS’s energy and bandwidth con-
sumption cost for each user in the ORA, RHM and DSM
methods. As shown in this figure, for those users who have
been offloaded by CBS using ORA method (which have
service costs less than 80), the cost of serving is the same
in both RHM and ORA methods which means that the RHM
heuristic user association method has achieved the same results
for user association as in ORA method. The reason is that
the difference between the cost of serving and offloading for
users who have been offloaded by ORA method is big enough
that the heuristic user association method can also identify
that offloading those users has lower cost than serving them
directly. Also, it is shown in this figure that both RHM and
ORA methods can reduce the CBS’s average cost for the
offloaded users significantly as compared the DSM method.
The reason is that SBSs have better channel conditions and
usually require less power and bandwidth to serve to serve
cellular users under their coverage as compared to the CBS.
So, by taking advantage of offloading users to SBSs, the CBS
can reduce its energy and bandwidth consumption cost by 33%
as shown in the Table VI.
To see the effects of load on the serving rate of cellular users
in each of the ORA, RHM and DSM methods, we change the
number of users in our HetNet model from 300 users to 500
users, by increasing it by 20 users in each step. We define
the service rate as the percentage of users who are getting a
data service with a rate higher than their minimum acceptable
rate. The Fig. 4 compares the service rates of DSM, ORA,
and RHM methods under different load situations. As we can
see, by increasing the load the CBS is unable to serve all
the users in DSM method, and the service rate goes below
50% if number of users exceeds 600, while in both ORA and
RHM methods by exploiting the cooperation between CBS
Fig. 3. Comparing cost per user in DSM, ORA and RHM.
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Fig. 4. Comparing Service Rates while increasing the load.
and WBSs, and offloading users to less congested small cells,
the full service rate can be maintained despite the load.
Similar results are observed when we increase the minimum
acceptable data rate for users, from 128 kbps to 512 kbps,
to see its effects on the CBS’s serving rate. Again, the
service rates in DSM will diminish by increasing the minimum
acceptable rate for users, while ORA and RHM methods can
preserve the full service rate.
VII. CONCLUSION
In this paper, we considered a HetNet model to optimize
the user-to-BS association and resource allocation for cellular
base stations while reducing the spectrum access delay for
cellular users which is required for enabling URLLC in 5G.
We first proposed an optimization method for joint user-to-
BS association and resource allocation in HetNets. In order to
reduce the high time complexity of the optimization method
which makes it intractable for large number of users, we
proposed a low complexity heuristic method which breaks
down the initial optimization problem into a simple heuristic
user association algorithm and a convex resource allocation
optimization method. To further reduce the time complexity of
the proposed solution, we proposed an ADMM-based iterative
solution to the convex resource allocation problem. Simulation
results validated the efficiency of the relaxed heuristic method,
and showed that it can reduce the CBSs energy and bandwidth
consumption by 33%, while reducing the spectrum access
delay for cellular users by 93% which is attractive to URLLC.
While in this paper, we used a HetNet model with only
one CBS and multiple SBSs, the proposed approach is also
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applicable in HetNets with more than one CBS. In such a
scenario, for each user, the CBS with the strongest radio
link (channel gain and/or RSSI) will serve as the primary
CBS among all the candidate CBSs, and that CBS will make
a decision about serving each user directly or offloading it
to overlaid SBSs to save energy and bandwidth following a
similar procedure as outlined in the paper.
APPENDIX A
PROOF OF THE THEOREM 1
Proof. We prove this theorem by showing that a simplified
version of the ORA problem is reducible to the knapsack
problem which is a well-known NP-hard problem [19]. As
shown in Eq. 11, to serve any user i associated to the CBS, i.e
µi = 1, the CBS’s transmit power is a function of its data rate
and bandwidth. Assuming the amount of bandwidth allocated
to user i, wi , is fixed, the derivative of pi with respect to ri is
given in Eq. 12 where as we can see
∂pi
∂ri
> 0. It means that by
fixing the amount of bandwidth allocated to each user, wi , the
CBS transmit power increases by increasing the offered data
rate to that user. Hence, the CBS will always serve the cellular
users with the minimum data rate acceptable by them, rmin
i
, to
minimize its power consumption. So, we can simply remove
the data rate constraint in Eq. 6 from the ORA problem since it
will always be satisfied with equality. For any user i associated
with CBS, the minimum bandwidth required by CBS to serve
that user, wmin
i
, can be derived from the Eq. 13 when CBS
is transmitting with its maximum power, i.e., pi = p
max. So,
by setting pi = p
max and wi = w
min
i
in the ORA problem,
the constraints in Eq. 7 and Eq. 8 can be removed, and the
simplified ORA problem can be rewritten as:
min
µi
∑
i∈U
(µicpp
max
+ cww
min
i ), (25)
subject to :∑
i∈U
(µiw
min
i + βk,iφk,i) = W, (26)
µi + βk,i = 1 ∀i ∈ U. (27)
Since by offloading each user i to SBSs, CBS can save
the amount of pmax ∗ wmin
i
in transmit power, CBS should
maximize the number of offloaded users using its available
bandwidth, to minimize its cost. Now, if we define ∆W =
W −
∑
i∈U
wmini as the maximum amount of extra bandwidth at
CBS that can be granted to SBSs as an incentive to serve
cellular users, and ∆φk,i = max
{
φk,i − w
min
i , 0
}
as an amount
of extra BW required by best serving SBS to serve user i, then
the simplified ORA problem can be formulated as:
max
(βk, i)
∑
i∈U
βk,ip
maxwmini (28)
Subject to: ∑
i∈U
βk,i∆φk,i ≤ ∆W. (29)
where βk,i is a binary association variable with βk,i = 1 is
user i is offloaded to SBS k, and βk,i = 0, otherwise, where
k is the index of the best serving SBS for each user i. The
above problem is exactly equivalent to the zero-one knapsack
problem which is an NP-hard problem. Hence, ORA problem
is also NP-hard. 
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